Abstract-Safety evaluation of steel structures requires knowledge of corrosion progression stages. The deteriorative stage of corrosion involves multiple parameters, and thus it is difficult to be characterized by the model-based approaches. In this paper, we propose a steel corrosion stages characterization method using microwave open-ended rectangular waveguide (ORWG) probes and a statistical-based principal component analysis (PCA) method. Two ORWG probes operating in successive bands, ranging between 9.5 and 26.5 GHz, are utilized to obtain reflection coefficient spectra from specific sets of corrosion samples; i.e., uncoated corrosion progression, coated corrosion progression, and surface preparation. PCA is applied to extract corrosion progression feature from spectral responses of training samples. The robustness of the PC-based features is analyzed with influences of operating frequency, coating layer, and surface condition. It is found that the corrosion features extracted by the first principal component (PC1) from coated and uncoated corrosion samples are highly correlated to the corrosion progress regardless of probe parameter and coating layer.
Steel Corrosion Stages Characterization Using
Open-Ended Rectangular Waveguide Probe
I. INTRODUCTION

S
TEEL is known as the most common material for building and engineering equipment. It provides strength to the structures, however, deteriorated overtime by corrosion when exposed to environments, in particular, polluted or marine atmospheric areas. Corrosion cost money and lives, together with other indirect costs, thus characterization of corrosion progression stages is crucial for maintenance and structural safety evaluation. Corrosion may also occur under the coating layers (e.g., primer, paint, or insulation), which is difficult to be detected by simple visual inspection. Therefore, various non-destructive testing (NDT) methods [1] , [2] have been attempted to characterize hidden corrosion or corrosion undercoating. For instance, fiber Bragg grating (FGB) [3] and acoustic emission (AE) methods [4] are sensitive to volumetric changes but require installation of equipment with extended period of data acquisition. An electrical impedance method such as electrochemical impedance spectroscopy (EIS) [5] can quickly measure the capacitance of coating and corrosion but requires complex data analysis for quantification and it is not suitable for in-situ inspection. Low frequency electromagnetic (EM) methods such as pulsed eddy current (PEC) [6] and low-frequency radio-frequency identification (LF-RFID) sensors [7] are more sensitive to presences of metal loss, which only occur in the late corrosion progress. In the initial corrosion progress (before the presence of metal loss or substrate dissolution), the success of corrosion stages characterization significantly depends on the sensitivity of sensors and their features that can distinguish among tiny changes of corrosion properties as well as corrosion thickness. Microwave and millimetre wave methods are attractive for corrosion stages characterization regarding good penetration and sensitive to changes in dielectric layers including iron oxide [8] , [9] . Moreover, the study of Kim et al. [10] found that the spectral response of early-stage corrosion has characteristic shapes that can be useful for corrosion characterization in GHz range. Among microwave sensors, open-ended waveguides are the most suitable probes for near-field inspection having merits of small aperture, well-confined wave propagation with orientation dependence (rectangular probe) and wideband. The open-ended waveguide probes have demonstrated a capability for inspection of layered and composite structures [11] , [12] . In previous corrosion studies using open-ended rectangular waveguide (ORWG) probes with model-based approaches, corrosion on aluminium and steel substrates have been modelled as a thin dielectric layer backed by a perfect conductor plate [13] , [14] . The study of steel corrosion under paint by Qaddoumi et al. [14] utilized an ORWG probe to obtain the phase of reflection coefficients over the coated corrosion samples with the help of a reflectometer. Thicknesses of coating and corrosion layers were determined from phase responses at a specific frequency. As the development of multilayer inverse model, Ghasr et al. [12] introduced a full-wave accurate model and iterative inverse technique for estimating the complex permittivity and thicknesses of dielectric layers. It has shown good accuracy in thickness evaluation of linedfiberglass [12] and the coating layer of carbon fiber composites [15] . Although more and more researchers have unveiled the layer properties with the improvement of measurement techniques, it is still difficult to estimate the steel corrosion progress from its properties since the thickness and chemical compound are varying over time [10] , [16] , [17] . So far, there is no comprehensive study of open-ended waveguide measurement related to corrosion progression and complex changes in the corrosion layer properties.
In contrast to the model-based approaches, the statisticalbased approach such as principal component analysis (PCA) relies on sampling data obtained from a correlated set of training samples. PCA determines the major factors (a set of linearly uncorrelated weighted vectors) from a multidimensional and multivariate dataset. Unlike the model-based regression, PCA may not be able to quantify individual physical parameters if those parameters contribute to the same kind of response (e.g., increasing of thickness and tangent loss in material both will decrease magnitude response). However, it has potential to characterize multivariate parameter such as corrosion progress with a high chance of elimination the irrelevant influences. PCA has been successfully applied to analyse spectra of complex chemical and physical dielectric bodies. For instance, Regier et al. [18] proposed a measurement technique based on dielectric spectroscopy combined with PCA to analyse both particle size and volume fraction of nutrition. Sophian et al. [19] used PCA for feature extraction of PEC responses of metal defects. The tests carried out show superior defect classification performance over the conventional method. The recent study using an ORWG probe in cooperation with PCA for inspection of protective linings (organic coating), so-called the chemometric method, was carried out by Miszczyk and Darowicki [20] . This technique is based on feature extraction of magnitude spectra varied by electromagnetic wave absorbing properties of the defect linings. Without an analytical model and prior knowledge of lining' s properties, the results indicate that the lining defects such as presences of wet or dry corrosion and air-gap can be characterised effectively by the first two principal components with the elimination of random interferences. Nevertheless, the corrosion samples used in the study were imitated by corrosion powder, and there was no discussion about the progression stage or related properties of the corrosion samples.
In this paper, we investigate a steel corrosion stages characterisation method using reflection coefficient spectra obtained by ORWG probes and PCA as the feature extraction method. The spectra from three sets of dedicated corrosion progression and surface roughness samples are obtained by means of VNA with two probes. We apply PCA to extract corrosion progression features from the obtained spectra of each probe. The robustness of the extracted features is analysed by projected with the sampling data of each sample. The rest of this paper are organised as follows. Section II describes the operational principle of open-ended waveguide probe, an illustration of corrosion undercoating, and the preparation of three corrosion sample sets. Section III demonstrates the experimental setup, measurement procedures and data analysis using PCA. The quantitative analysis of the measurement results is presented and discussed in Section IV. Finally, Section V concludes the major findings and the future works.
II. MICROWAVE ORWG PROBE MEASUREMENT OF CORROSION UNDERCOATING
In this section, we explain measurement mechanism of an ORWG probe operating in TE 10 mode, followed by the relationship between reflection coefficient and related parameters of corrosion undercoating and the preparation process of the samples. 
A. ORWG Probe Measurement Mechanism
Due to the symmetry of the incident field and the measurement geometry, only rectangular waveguide modes with m = odd (1, 3, 5, …) and n = even (0, 2, 4, …) can be excited at the probe aperture [21] . The calculation of cutoff frequencies at different modes of a waveguide probe are given by
where μ and ε are permeability and permittivity of waveguide filling material, a and b are inner length and width of the waveguide aperture, m and n are integers used to determine the waveguide propagation modes. Based on the frequency responses of the corrosion [10] , two sizes of ORWG probes: WR-62 and WR-42 operating in a frequency range between 9.5 -26.5 GHz, have been chosen in our experiment. The properties of WR-62 and WR-42 probes are shown in Table I . In this work, we excite the ORWG probes in the dominant T E 10 mode. Although it is known that the higher order modes are produced by the interrogation between waveguide aperture and samples, this effect is considered insignificant since it affects measurement result for only less than 3% [22] . The ORWG probe has directional E-field property illustrated in Fig. 1(a) as the T E 10 mode aperture field is given by
I, we do not directly measure the electric or magnetic fields but the reflection coefficient (S 11 or ), which relates to a coupling between the termination impedance of OWRG probe Z W G and impedance at interface of the testing sample Z in as
The model of corrosion undercoating is considered as two dielectric layers backed by the metallic substrate as illustrated in Fig. 1(b) . The interaction between the layered structure and incident waves occurs in the near field of the probe where the electrometric field responses are rather complex. In general, the reflection coefficient is a function of probe dimensions a and b, operating frequency f , relative permittivity ε r1 and ε r2 , relative permeability μ r1 and μ r2 , and layer thicknesses d1 and d2. As mentioned in the previous section, many investigators have methodically worked towards developing full-wave models to describe the complex interaction of nearfields of a waveguide probe with layered structures. In contrast to the model-based inversion, this work is based on experimental studies of spectral responses obtained from corrosion progression samples. A statistical-based PCA method is not intended to determine actual parameters such as corrosion thickness and its material properties but is applied for feature extraction of a multivariate parameter such as corrosion progress. It is expected that the selected PCA based features can be used for quantitative non-destructive evaluation (QNDE) of the corrosion progression stages regardless of model analysing and parameters estimation. Three sets of dedicated samples are used for PCA training and testing robustness of selected PC-based features.
B. Samples and Preparation
To study corrosion progress together with the influences of the coating layer and surface condition, we selected three dedicated sets of samples. The samples have been prepared as follows. Fig. 2(a) , these samples were prepared as follows: firstly, a plate of un-corroded mild steel (S275) was cut into pieces of 300 mm × 150 mm × 3 mm (length × width × thickness). After cutting, we covered the whole plates with plastic tape excluding the central area of 30 mm × 30 mm to let corrosion develop. Finally, they were exposed to the marine atmosphere at different periods of 1, 3, 6, 10, and 12 months (UP1, UP3, UP6, UP10, and UP12). It is noted that the sample UP0 used in this study is a measurement of the un-corroded area of the UP1 sample.
1) Uncoated Corrosion Progression Samples (UP): Shown in
2) Coated Corrosion Progression Samples (CP):
Initially, these samples were prepared using the same process as of the UP samples. They were coated by non-conductive (dielectric) paint with the average thickness of approximately 100 μm resulting in products of coated corrosion progression samples (CP1-CP12) as shown Fig. 2(b) . It is noted that the sample CP0 is a measurement of coating area without corrosion of the CP1 sample.
3) Uncoated Surface Preparation Samples (US): Shown in Fig. 2(c) , the samples were prepared as follows: initially, three out of four steel plates (US2-US4), sizing of 300 mm × 100 mm, were placed in an environmental test chamber for a month to accelerate the corrosion progress over the samples. Following this, the surface of each sample has been treated differently according to Steel Structures Painting Council (SSPC) standard [23] . The final products of samples with different surface roughness, with and without presences of corrosion are described in Table II. III. EXPERIMENTAL STUDIES AND FEATURE EXTRACTION USING PCA Equipment setup of microwave ORWG system for corrosion stages characterization is shown in Fig. 3 . The hardware system is composed of an X-Y-Z scanner (High-Z S-720), a vector network analyser (VNA, Agilent PNA E8363B) and a computer connected to the VNA through a general propose interface bus (GPIB) and through to the scanner via a parallel port interface. We programmed the scanner to deploy the waveguide probe positioning over the testing samples. Before the measurement, we calibrate the VNA together with the coaxial cable using a calibration kit (open, short and load). The calibration results are used to compensate the cable characteristic and delay of the channel.
Three experiments with three sets of samples are conducted in this study as described in Table III . For each set of samples, reflection coefficients are sampled ten times at slightly different positions (about 0.2 mm) of the corrosion patch centre with 0°and 90°orientations using WR-62 and WR-42 probes. Amount of measurements performed for each set calculated by a number of samples in each set × probes × orientations are 240, 240 and 160 for samples UP, CP and US, respectively. In these sampling data, seven out of ten are used for PCA training; while the rest are used to test selected principal components. It is noted that the operating frequency of WR-62 probe of CP samples is extended to the cut-off frequency at 9.5 GHz to capture the shifted frequency responses caused by the coating material. It is known that the operating frequency closing to the cut-off is not recommended, as it is highly dispersive due to steep change of phase velocity or group delay. However, the quantities analysed in this work are only the magnitude response |S 11 |, which is independent to phase variation and thus robust to dispersion. Moreover, unlike pulsed radars, the operation of VNA will transmit single frequency or very narrow band FMCW signals at a time in a sweeping manner. Therefore, the obtained magnitude responses from VNA are unlikely to suffer by the effect of wave dispersion.
To extract corrosion progression parameter from the training data, PCA method is applied to decompose principal components. The process of PCA shown in Fig. 4 includes two major steps: training and testing. In training step, we form covariance matrices of sampling data of each sample sets categorised by the measurement probe and then calculate roots of eigenvectors e i and corresponding eigenvalues λ i using Eigenvector decomposition. The eigenvectors sorted by descending order of eigenvalues are called principal components (PCs). According to the cumulative percentage of variances (λ i / n i=1 λ i ), we usually choose only a few most contributed k principal components to test for the major contributed parameter. In the testing step, the sampling data from testing dataset are projected to the k chosen PCs. The projected value, which is a linear combination between PC coefficients and sampling data, represents a PC feature. One of the major PCs having its projected values most correlated among corrosion datasets will be chosen for feature extraction of the corrosion progression. Besides, the influences of inhomogeneity in material and surface conditions are also studied through comparison of PC features at 0°and 90°.
IV. RESULTS AND DISCUSSION
In this section, reflection coefficient spectra obtained from three sample sets are presented. We choose three most contributed principal component PC1-PC3 to test for feature extraction of corrosion progression. The projected values of PC1-PC3 to testing data are analysed. Finally, we discuss other measurement influences such as probe orientation and surface condition.
A. Reflection Coefficient Responses of Corrosion Progression Samples
The magnitude responses obtained from 7 slightly different sampling positions of UP and CP samples with different probes and orientations are shown in Fig. 5 and Fig. 6 . It can be seen that the spectra of the WR-62 probe, Fig. 5(a)-(f) and Fig. 6(a)-(f) , show single resonant responses while that of the WR-42 probe, Fig. 5(g)-(l) and Fig. 6(g)-(l) , show multiple resonances and ripples. Also, the variations of response in the resonant region are significantly higher than the flat response region. The differences in the responses of two probes are caused by the interaction between signal coherence, thickness and material properties at different probe dimensions and operating frequencies. Moreover, the unwanted ripples could be generated by the interrogation between the sample and the edge of unmodified finite flange probe [24] . Besides, it is found in general that the influence of probe orientation is very little in the beginning progress up to 6 months and becomes more significant in the 10 and 12 months.
To study the influences of the coating layer only, we obtained reflection coefficients from the CP samples in the area outside corrosion patch. The sampling data are labelled as C1-C12 according to the CP1-CP12 samples. Although these samples have been painted with the same coating material, the thicknesses of coating layer in each sample may be varying due to the manufacturing uncertainty. From the responses of the WR-62 probe shown in the Fig. 7(a) , we find that the resonant frequency of all sampling data is consistent at around 10.5 GHz demonstrating highly dependent on the coating material, whilst resonant magnitudes are varied by coating thicknesses. On the other hand, the responses of the WR-42 probe in higher frequency shown in Fig. 7(b) demonstrate complex responses of multiple resonances similarly to that of the CP samples.
In the study of surface influence of US samples, the responses of WR-62 probe plotted in Fig. 8(a)-(d) show no significant variation at different orientations. However, the samples US3 and US4, which are the samples with presences of corrosion, demonstrate strong resonant response similar to that of the UP samples. Fig. 8(e)-(h) show responses of US samples measured by WR-42 probe. Moreover, the influence of orientation is only recognisable in the samples US3 and US4 which are corroded samples.
Nevertheless, it is difficult to analyse the complex responses of spectral feature (1601 frequency components) and identify distinguish parameters. Hence, PCA is applied to extract major principal components from the training responses. It is expected that one of obtained principal components can be used to extract a feature that represents corrosion progression.
B. PCA for Feature Extraction of Corrosion Progression
We apply PCA to extract and analyse the major contributed parameters from high-dimensional features (1601 sampling frequency points). The summations of the percentage of variance of the first three principal components of each dataset are higher than 90%, therefore in our study, only PC1-3 are selected for feature extraction. The high percentage of variance of the first three PCs also indicates that the sampling data in each dataset are greatly correlated and should be sufficient to extract the major contributed parameter. To identify the corrosion progression features from the selected PCs, we project 3 sampling data from test dataset to the selected PC1-3 vectors of their own set. The projected values of PC1-3 are plotted in Fig. 9 ; the standard deviations of projected values based on 6 sampling data in each progression (3 sampling by 2 orientations) are shown in Table IV . Concerning orientation, we find that the deviation of PC1-3 features between 0 to 6 months are insignificant. Whilst the variations are stronger in 10 and 12 months, specifically, the UP samples. The results may be explained by the fact that corrosion at the surface of UP10 and UP12 have been severe flaked-off. Thus, it introduces random roughness and inhomogeneity in these samples.
The deviation of PC1-3 features extracted from three test samples are shown by min/max lines in Fig. 9 . It is found, in general, that deviations are quite noticeable in particular the PC1 features. The discrepancy could be attributed to higher variation in the resonant region representing corrosion responses. Moreover, it is obvious that the deviation of PC2 and PC3 features in Fig. 9(b) and (c) are relatively strong. It is due to the high correlation and least complex responses of UP samples obtained by WR-62 probes demonstrated in Fig. 5(a)-(f) . Hence, PC1 mainly contributes to the percentage of variance while the lower PCs could be regarded as the noise sub spaces.
Interestingly, the plots of PC1 projected values against corrosion progress of UP and CP samples of both probes demonstrated in Fig. 9(a) , (d), (g) and (j), render highly correlated curves that could represent the common parameter, which is corrosion progress. The agreement between PC1 projected values indicates that the PC1 features are independent of the probe and coating parameters (i.e., operating frequency f , probe dimensions a/b, coating thickness and properties). Moreover, we find that the characteristic of the PC1 features is in line with the previous corrosion study using ultra high frequency (UHF) RFID and PCA of the same samples [25] .
In the low frequency electromagnetic method such as PEC [6] , a corrosion progression feature has been found corresponding to corrosion thickness and metal loss affecting the average conductivity and permeability. Although the corrosion feature of PEC demonstrates a monotonic relationship to the corrosion progress, its sensitivity is low due to the influence of conductive substrate. In contrast, microwave is sensitive to changes in dielectric properties caused by the chemical process [10] , [26] . The measurement results are related to the impedance matching between probe's aperture and the dielectric layers including coating and corrosion layers with little influence of the conductive substrates (microwaves are totally reflected at the metallic interface). Nonetheless, microwave signals are more sensitive to the structural influences such as material inhomogeneity or surface roughness [27] , [28] , hence an advanced data analysis method is required for feature extraction. For US samples, the plots of PC1-3 projected values and the corresponding standard deviations are shown in Fig. 10 an be noticeable in PC2 and PC3 features. It is worth to continue investigation in the future work with more dedicated surface samples (e.g., surface roughness and manufacturing process with different directional texture). 
V. CONCLUSIONS
We study two microwave open-ended rectangular waveguide probes with coated/uncoated corrosion progression and surface preparation samples for corrosion stages characterization. The responses of obtained reflection coefficients are analysed for corrosion progression feature using PCA. Unlike the model-based regression methods, our proposed method is not intended and is not capable of actual corrosion parameter estimation such as thickness and complex dielectric properties of corrosion. The PC-based feature is only used as an indicator for changes of the corrosion progression stages. The major findings in our work are summarised as follows.
1) The microwave inspection method using open-ended waveguide probe and PCA is a promising tool for steel corrosion stages characterization. The interaction between ORWG probe and corrosion layer is highly sensitive as resulting in variation of resonant responses. PCA is applied to extract the corrosion progression feature from the responses. It is found that the PC1 features are independent of probe and coating parameters and can be used to characterize corrosion progression stages. 2) Based on the investigation of ORWG probes at different operating frequencies, it is found that the responses from WR-62 probe operating at a frequency range between 9.5 GHz -18 GHz are steadier for both coated and uncoated corrosion. The WR-42 probe, on the other hand, gives multiple resonances and is sensitive to other influences such as surface roughness as indicated in the PC3 features of the US samples. 3) As indicated in Fig. 9(a) , (d), (g) and (j), we found a turning point at around 6 months of the PC1 features. The initial falling trend is likely to be related to the increasing of corrosion thickness in early corrosion stages. Whereas the influence of material properties becomes stronger and causes reverse inclination in the latter stages. Future work, we will involve a comparison between the corrosion progression feature extracted using PCA and the model-based parameters related to corrosion progress (i.e., corrosion properties and thickness). Other advanced feature extraction techniques will be studied to overcome the non-linear characteristic of the corrosion feature.
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